A MIKE SHE model of the Mekong, calibrated and validated for 12 gauging stations, is used to simulate climate change scenarios associated with a 2°C increase in global mean temperature projected by seven general circulation models (GCMs). Impacts of each scenario on the river ecosystem and, hence, uncertainty associated with different GCMs are assessed through an environmental flow method based on the range of variability approach. Ecologically relevant hydrological indicators are evaluated for the baseline and each scenario. Baseline-to-scenario change is assessed against thresholds that define likely risk of ecological impact. They are aggregated into single scores for high and low flows. The results demonstrate considerable inter-GCM differences in risk of change. Uncertainty is larger for low flows, with some GCMs projecting high and medium risk at the majority of locations, and others suggesting widespread no or low risk. Inter-GCM differences occur along the main Mekong, as well as within major tributaries.
INTRODUCTION
Southeast Asia's Mekong River is one of the most iconic rivers in the world. Like all river ecosystems, the Mekong's waters bring direct benefits to people, including water for public supply, power generation, food-such as rice-as well as fish and aquatic plants. Its flow of river water also has significant social and spiritual meaning to local communities and supports important species, such as the emblematic sub-population of the Irrawaddy dolphin (Orcaella brevirostris) and the Mekong giant catfish (Pangasianodon gigas; Hogan et al. 2004 ). All of these attributes are commonly referred to as ecosystem services (Fischer et al. 2009, Maltby and Acreman 2011) . The term "environmental flows" has been applied increasingly to describe the flow regime of a river required to maintain economically, socially and ecologically important ecosystem services (Dyson et al. 2003) . However, the world's rivers are changing due to multiple pressures including land-use change, water diversions, dams and climate change, which will have implications for their ecosystem services (Millennium Ecosystem Assessment 2005 , Vörösmarty et al. 2010 .
Climate change represents a global pressure that may have profound implications for environmental flows. It is expected to impact the global hydrological cycle, with implications for both human use of water resources (Bates et al. 2008 ) and aquatic ecosystems (Poff et al. 2002) . The common approach to assessing the potential hydrological impacts of climate change is to drive a hydrological model with climate projections derived through forcing general circulation models (GCMs) with emissions scenarios. Uncertainty is introduced at each stage of this process (Gosling et al. 2011) . There is uncertainty in the definition of greenhouse gas emissions scenarios. Climate model structural uncertainty causes different GCMs to produce different projections for the same scenario. Uncertainty is also related to downscaling GCM projections to finer spatial and temporal scales for hydrological modelling. Hydrological models used to translate climatological changes to hydrological impacts add additional uncertainty. While GCM uncertainty has frequently been found to be the greatest source of uncertainty (e.g. Graham et al. 2007, Prudhomme and Davies 2009) , that associated with other factors may not be negligible (Haddeland et al. 2011) .
GCM uncertainty is often investigated by driving a hydrological model with climate projections from different GCMs for the same emissions scenario, and analysing differences between changes in, for example, simulated river flow (e.g. Singh et al. 2010 , Kingston et al. 2011 . It is far less common to extend the analysis to evaluate uncertainty in changes to environmental or ecological conditions, although examples do exist (e.g. Singh et al. 2011) .
There is a range of methods for assessing river environmental flow requirements (Tharme 2003, Acreman and Dunbar 2004) . Some are tailored to specific environments, such as freshwater flows to estuaries. Others incorporate different options for addressing the same issue: flow needs of river ecosystems. This may introduce further uncertainty into assessments of the impacts of climate change. Nevertheless, common themes are to define the response of ecosystems to flow change and to identify thresholds where ecological change may be significant. Many methods follow the natural flow paradigm (Poff et al. 1997 ) that assumes a river's flow regime, comprising key components of variability, magnitude, frequency, duration, timing and rate of change, is central to sustaining biodiversity and ecosystem integrity. All elements of the flow regime are important for some aspect of river ecosystems. For example, flow variability drives fish assemblage structure both directly, by influencing critical life history processes including spawning, migration and recruitment, and indirectly, by impacting floodplain connectivity (Nestler et al. 2012) . Assessment of alteration of flow regimes from natural conditions has become a standard approach to environmental flow assessment (Poff et al. 2010) . For example, the widely employed range of variability approach (RVA) uses indicators of hydrological alteration (IHAs), a statistical technique for comparing natural and altered flow regimes (Richter et al. 1996 (Richter et al. , 1997 . This study employs a modified IHA approach (Laizé et al. 2013 ) and a MIKE SHE model (Thompson et al. 2013) to investigate implications of GCM uncertainty for environmental flows in the Mekong under a consistent magnitude of climate change.
THE MEKONG CATCHMENT
The Mekong is the largest river in Southeast Asia. It is the world's eighth largest in terms of annual discharge (475 km 3 ), 12th longest (~4350 km) and 21st largest by drainage area (795 000 km 2 ). The river originates in China's Tibetan Highlands and passes through or borders Burma, Laos, Thailand, Cambodia and Vietnam before discharging into the South China Sea (Fig. 1) . The dominant climatic influence is the Asian monsoon. Over 90% of annual precipitation falls between mid-May and early October. River discharge begins to rise in May. Peak flows occur between August and October, whilst minimum flows are in March-April. In the upper catchment, snow storage and melt influence discharge considerably, although snow covers only~5% of the total catchment during November-March and is negligible at other times.
Rapid development and population growth have driven agricultural expansion and deforestation, and are linked to increasing competition for water, water contamination by agriculture, industry and settlements, and unsustainable use of resources including fisheries (Kirby et al. 2010) . With the population of the lower Mekong (i.e. downstream of the Lancang subcatchment) projected to increase from 55 million in 2003 to 90 million by 2025 (MRC 2003) , these pressures will increase. In addition, dams have already impacted on flow regimes, sediment flows and fisheries (Li and He 2008, Wang et al. 2011) , and more are planned (Stone 2010 , Ziv et al. 2012 . Climate change will interact with such pressures, with potentially significant implications for environmental flows. The Mekong catchment and its representation within the MIKE SHE model including the distribution of linear reservoir sub-catchments, interflow reservoirs and meteorological inputs. The gauging stations within the MIKE 11 river network that were used for calibration and validation are also indicated.
Changes in river flows may have significant ecological, economic and social consequences given the ecosystem services provided by the Mekong (e.g. Dugan et al. 2010) . Of particular importance may be fisheries impacts. After the Amazon, the Mekong is the second largest in terms of aquatic diversity (Ferguson et al. 2011) , with 279 new fish species being identified in the decade up to 2009 (WWF 2009). Mekong fisheries support around 300 million people (MRC 2003) . The river produces around 2.5 million tonnes of fish annually, with an estimated economic value of US$1.4-1.9 billion. Hydrological factors including the magnitude, duration and timing of the annual flood strongly influence these fisheries (Baran and Myschowoda 2009) . Similarly, the flood sustains huge agricultural productivity in areas including the Mekong Delta by providing water for rice fields, depositing fertile silt and by removing salty, acidic water (e.g. Hoa et al. 2008) .
METHODS

Hydrological modelling
Here we employ a model developed using MIKE SHE, a comprehensive, highly flexible hydrological model offering a range of process descriptions (Graham and Butts 2005) . MIKE SHE has a modular structure, with components for the primary processes of the land phase of the hydrological cycle. It has been applied to a range of hydrological systems, from small catchments (Al-Khudhairy et al. 1999 , Sahoo et al. 2006 , Thompson 2012 , through medium and large catchments (Singh et al. 2010 (Singh et al. , 2011 , to major international river basins (Andersen et al. 2001 , Stisen et al. 2008 . Thompson et al. (2013) provide a detailed account of the MIKE SHE Mekong model, so only an overview is given herein. Table 1 summarizes the model components and data employed within them. The conceptual, semi-distributed, linear reservoir saturated zone method was employed due to its lower data requirements. Figure 1 shows the 17 groundwater sub-catchments and their division into 51 interflow reservoirs.
The model's 10 km × 10 km computational grid was a compromise between logistically appropriate computation times and representation of catchment attributes. Channel flow was simulated using the MIKE 11 one-dimensional hydraulic model. Dams were not included as many extant dams were completed after the calibration period (see below) and the focus here is GCM-related uncertainty. All MIKE 11 branches were coupled to MIKE SHE and received overland flow, interflow and baseflow.
Precipitation, temperature and potential evapotranspiration (PET) were distributed using 13 sub-catchments of an earlier SLURP model (Kingston et al. 2011; Fig. 1) . Gridded monthly precipitation from the University of Delaware (UDel) global precipitation data set was spatially averaged for each meteorological sub-catchment and stochastically disaggregated to a daily resolution (Arnell 2003) . This study employed revised UDel data, cf. the original Mekong model as described by Thompson et al. (2014) . The same procedure was applied to mean temperature derived from the CRU TS 3.0 data set. Monthly gridded Linacre PET (Dent et al. 1988 , Schulz 1989 was calculated using climate variables from the CRU TS 3.0 data set, averaged across each meteorological input subcatchment and distributed evenly through the month on a daily basis.
Calibration was undertaken using observed discharge data obtained from the Mekong River Commission for 12 gauging stations that provide the most complete records (Fig. 1) . The period was used for calibration, although records from three stations did not cover the full period and discharges for Kratie were computed from Pakse discharge following Institute of Hydrology (1988) . Calibration parameters were time constants for the interflow and baseflow reservoirs, linear reservoir dead storage proportions and, in meteorological sub-catchments with large elevation ranges, precipitation lapse rates. The snowmelt degree-day coefficient was varied during calibration of the Lancang at Chiang Saen. Calibration was undertaken in a downstream sequence. A preliminary automatic multiple objective calibration was employed (e.g. Madsen 2000 ). This evaluated model performance at the model time step (maximum 48 hours). However, because daily baseline meteorological data were produced through the stochastic disaggregation of monthly data, there was a disconnect between the daily meteorological inputs and observed daily discharge. Consequently, model performance was improved through manual parameter modification, with performance statistics calculated using monthly mean discharges. Model performance was evaluated using the Nash-Sutcliffe coefficient (NSE; Nash and Sutcliffe 1970), the correlation coefficient (r) and the percentage deviation in simulated mean flow from the observed mean flow (Dv). The performance classification scheme of Henriksen et al. (2008) was employed. The period 1991-1998 was used for validation although data for two stations do not extend to this period, whilst records for others varied in length.
Climate change scenarios
Monthly resolution climate change scenarios for precipitation, temperature and Linacre PET were generated for an arbitrary 30-year period using the ClimGen spatial scenario generator (Arnell and Osborn 2006) . For a given GCM, ClimGen scales the pattern of climate change up and down in magnitude using the assumption that the spatial pattern of change, expressed as a change per unit of global mean temperature, is constant for that GCM. As described by Thompson et al. (2013) , scenarios were generated for a prescribed 2°C increase in global mean temperature (relative to , a hypothesized threshold of dangerous climate change (Todd et al. 2011) , for seven GCMs: CCCMA CGCM31, CSIRO Mk30, IPSL CM4, MPI ECHAM5, NCAR CCSM30, UKMO HadGEM1 and UKMO HadCM3. Different GCMs enable an exploration of the implications of GCM uncertainty for changes in discharge, and hence environmental flows. Monthly gridded scenario precipitation and temperature were stochastically disaggregated to a daily resolution and spatially averaged for the meteorological input sub-catchments. Gridded monthly scenario Linacre PET was derived using ClimGen output. As for baseline PET, gridded monthly totals were spatially averaged at the sub-catchment scale and evenly distributed through each month on a daily basis. 
Assessment of environmental flows and ecological risk
Environmental flows for the baseline and each climate change scenario were determined using a modified version of the ecological risk due to flow alteration (ERFA) screening method (Laizé et al. 2013) . This is based on the RVA using IHAs, a technique for defining ecologically appropriate limits of hydrological change (Richter et al. 1996 (Richter et al. , 1997 . It assumes that some organism or community will have exploited every niche created by the complexity of the flow hydrograph and its interaction with the landscape. If a river ecosystem is adapted to baseline hydrological conditions, then an impact causing departure from these conditions is likely to alter the ecosystem. The likelihood of alteration increases as the hydrological regime departs further from baseline conditions. The risk will move from none to low to medium to high as thresholds of flow alteration are exceeded. Ecologically important flow regime characteristics (magnitude, duration, timing, frequency and rate of change) can be indexed by indicators describing key flow regime properties.
In common with IHA/RVA, ERFA employs indicators describing the flow regime that are calculated for the baseline and each scenario. Unlike IHA/RVA, which uses daily flow variables, ERFA employs monthly variables termed monthly flow regime indicators (MFRIs). This approach is appropriate in the present study given the focus on monthly mean discharges. Presenting results of the departure from baseline of every MFRI would involve a prohibitively large amount of information, especially for a large catchment such as the Mekong. To enable ready interpretation, ERFA aggregates information as a simple colourcoded risk classification based on how many indicators differ from the baseline by more than a set threshold (Laizé et al. 2013) . Olden and Poff (2003) reviewed 171 currently available hydrological indices. They identified nine distinct components of the flow regime and concluded that the number of indices depends on the particular type of flow regime. The present study uses a subset of MFRIs consistent with Olden and Poff's strategy. Hydrological variables (one value per year of the simulation period per site) are used to derive indicators capturing the magnitude and variability of each variable as one value for the whole simulation period for each site. Magnitude is described by the median (50th percentile), and variability by the interquartile range (IQR, i.e. difference between 25th and 75th percentiles) of the annual variables. Indicators associated with the timing of flood and minimum flow (MFRI 3 and 6, Table 2 ) differ since they are defined by the months (1-12) when peak and low flows occur and are more meaningfully summarized by their mode. Eight indicators were derived based on five hydrological variables (Table 2) : three medians, three IQR and two modes. Three indicators (MFRI 1-3) are associated with high flows and five (MFRI 4-8) with low flows.
Indicators were evaluated for 217 q-points (where MIKE 11 calculates discharge) along the river as defined by the MIKE 11 model. The Tonle Sap and Delta sub-catchments were excluded as the lack of suitable observed discharge data prevented model calibration below Phnom Penh. Absolute differences between indicators for each scenario and the baseline were calculated for each q-point. The median or IQR MFRIs for the scenarios were considered to depart substantially from the baseline if they differed by more than 30%. Significant changes to the mode indicators were defined as changes larger than one month.
For practicality, ease of display and interpretation at the whole catchment scale, differences were aggregated via a colour-coding system adapted from Laize et al. (2013) . Given the different number of indicators for high and low flows, two distinct colour codes were defined. In the case of high flows (MFRI 1-3), a q-point was assigned blue (no risk), green (low risk), amber (medium risk) or red (high risk of ecological change) when the number of indicators differing from the baseline was 0, 1, 2 or 3, respectively. In the case of low flows , the corresponding number of differences in indicators was 0 (no risk), 1 (low risk), 2-3 (medium risk) and 4-5 (high risk). The low risk category is intentionally set to one indicator differing from the baseline in both cases.
RESULTS
Calibration and validation
Performance statistics for the calibration and validation periods are shown in Table 3 . Model performance for the calibration period is generally classed as "excellent" (20 out of 24 performance statistics). Values of r are above or close to 0.95 at 10 of the 12 gauging stations. Generally, similar performance is indicated for the validation period, although at some stations with limited observations (e.g. Stung Treng and those in the Chi and Mun sub-catchments) model performance is much weaker. Figure 2 shows observed and simulated river regimes for all 12 stations for the calibration period. These demonstrate good agreement between Chiang Saen and Pakse. Below Pakse, there is slight overestimation of ascending limb discharges leading to Dv for the calibration period falling below the "excellent" category at Kompong Chang ("very good") and Phnom Penh ("fair"). Performance for the Chi and Mun sub-catchments is weak in comparison to other gauging stations (NSE: "poor" and "fair", respectively) although Dv values are classed as "excellent" (Table 3) . Simulated peak seasonal discharges are underestimated, whilst rising and descending limbs are largely well reproduced. Thompson et al. (2013) concluded that the model was fit for the purpose of assessing GCM-related climate change uncertainty, especially for the calibration period that Table 3 Model performance statistics based on mean monthly discharge for 12 gauging stations within the Mekong catchment for the calibration period (1961-1990 unless stated otherwise) and for 10 gauging stations for the validation period (1991-1998 unless 
Climate change
Changes in climate Table 4 presents baseline annual precipitation and PET for eight representative meteorological sub-catchments, and percentage changes for each GCM for the 2°C prescribed increase in global mean temperature. Thompson et al. (2013) provide a detailed account of these changes. Mean monthly precipitation and PET for the baseline and each scenario are shown for four representative subcatchments in Fig. 3 . Changes in temperature are not presented since time-series of temperature are only relevant within the Lancang, the one sub-catchment with significant snowmelt. Changes in mean annual temperature for this sub-catchment range from +2.3°C (CCCMA) to +2.9°C (IPSL).
Changes in annual precipitation vary between GCMs: CCCMA, MPI and NCAR show increases for all sub-catchments, with CCCMA and NCAR exhibiting the greatest increases in upstream subcatchments, whilst downstream increases are greater for MPI; CSIRO shows decreased annual precipitation within all sub-catchments, with the largest decreases upstream; annual precipitation declines for IPSL in all but three south-central sub-catchments (Chi-Mun, Mekong 2 and Sre Pok); HadCM3 simulates increased precipitation over the four northernmost sub-catchments and decreases elsewhere; and HadGEM1 projects increases for the two northernmost sub-catchments and three southern sub-catchments (Se Kong, Sre Pok and Mekong 3).
Intra-annual patterns of precipitation change vary between GCMs: CSIRO, IPSL and MPI exhibit unimodal changes with increases for CSIRO and IPSL concentrated around September (decreases for the majority of the year). Increases are concentrated in May-November for MPI. Other GCMs show a bimodal pattern of change, with the greatest increases occurring at different times depending on GCM.
Inter-GCM differences in PET are smaller than those for precipitation (Table 4 , Fig. 3 ). All GCMs simulate increases in annual PET across the catchment. The smallest increases are associated with NCAR and HadGEM1. There is a systematic geographical pattern for the GCMs producing the largest PET changes. In the four northernmost subcatchments (sub-catchments 1-4), IPSL simulates the largest increases. In the middle catchment (subcatchments 5-9), larger changes are associated with CSIRO, whilst in the lower Mekong (sub-catchments 10-13), HadCM3 provides the greatest increases. Table 5 shows mean, Q 5 and Q 95 (discharges exceeded 5% and 95% of the time, respectively) discharges derived from monthly simulated flow at eight representative gauging stations for the baseline period, and percentage changes for each 2°C GCM scenario. Figure 4 shows baseline and scenario river regimes for these stations. As described in detail by Thompson et al. (2013) , discharge changes show substantial inter-GCM differences. Of the three GCMs for which precipitation increases in all sub-catchments, two (CCCMA and NCAR) result in increased mean discharge at all stations. For CCCMA, increases are Table 4 Mean annual precipitation and potential evapotranspiration (PET) for the baseline (mm) and changes (%) for the climate change scenarios for representative sub-catchments within the Mekong catchment. (Numbers in brackets refer to the meteorological inputs sub-catchments identified in Fig. 1 . Shaded cells indicate negative changes compared to the baseline.)
Changes in river discharge
Parameter Scenario
Lancang (1) Mek. 1 (4) Chi (5) Fig. 3 Mean monthly precipitation and PET for the baseline and under 2°C prescribed warming for seven GCMs (note the different y-axis scales). 944 J.R. Thompson et al. relatively uniform along the main Mekong. The greater increase for the Mun at Ubon is representative of sub-catchments in the central part of the Mekong such as the Chi and Chi-Mun. Whilst increases in Q 5 and Q 95 are also seen at most stations, decreases in Q 5 are seen at Chiang Saen and Vientiane. All three discharge indicators increase at all stations for NCAR. In most cases, changes are greater than for CCCMA. Mean discharge in upstream parts of the catchment declines for MPI. Further downstream, it increases, with the magnitude of changes increasing in a downstream direction, although changes on the Mekong are smaller than for CCCMA and NCAR. Below Chiang Saen, increases in discharge are concentrated in the wet season, resulting in higher Q 5 , whilst decreases in the post-peak recession result in modest declines in Q 95 at most stations. CSIRO and IPSL show decreases in mean, Q 5 and Q 95 discharges along the length of the Mekong (Q 5 increases at Ubon and Yasothon for IPSL). Reductions are larger for CSIRO and are greatest in upstream locations for both GCMs, and generally decline in magnitude with distance downstream.
For HadGEM1, there is a marginal (0.2%) increase in mean discharge at Chiang Saen, although both Q 5 and Q 95 decrease. Further downstream, all three discharge measures decline. The magnitude of reductions in mean discharge increases with movement downstream to Pakse: they then stabilize at around 9%; Q 5 and Q 95 show a similar pattern. River regimes show that reductions in discharge are concentrated in August and September, the period of peak flows.
For the HadCM3 scenario, mean discharge increases along the Mekong as far as Pakse and then declines. Modest increases in dry-season flows are reflected in increased Q 95 at all gauging stations on the Mekong (declines for Ubon). Increases in Q 5 are restricted to upstream stations, although mean discharge in August (peak flows) declines throughout the catchment. From Mukdahan downstream, mean discharges in both August and September decline. Figures 5 and 6 show for each GCM, MIKE 11 q-points colourcoded according to the risk of ecological alteration associated with changes in high and low flows, respectively. For each sub-catchment above Phnom Penh, Table 6 indicates the percentage of q-points in each risk category for the high-flow MFRIs; corresponding figures for low-flow MFRIs are shown in Table 7 . Consistent with inter-GCM differences in simulated river discharge, there is considerable spatial variation in the environmental flows represented For high flows, no GCMs project a high risk of ecological alteration at any q-points (Table 6) ; thus there is some certainty in this result. Across all GCMs, the most likely outcome is no or low risk of ecological change (at least 50% of q-points classed in these two categories). The results for NCAR demonstrate the highest risk with 48% of q-points classed as medium risk, more than twice as many as any other GCM. This relatively large risk is associated with increases in high flows (Table 5 and Fig. 4 ). The CCCMA model, which also projects increases in mean discharge throughout the Mekong and in Q 5 at most stations, is second highest in terms of medium risk for high flows (24% of q-points); IPSL, closely followed by MPI, have the largest number of q-points (55% and 54%, respectively) classed as no risk. Both have 31% classified as low risk, whilst only 14% and 15%, respectively, fall within the medium risk class. This similar risk is despite differences in the direction of change in high flows, increases at most locations for MPI and decreases for IPSL (Table  5 ). Similar results are evident for the remaining three GCMs (CSIRO, HadCM3 and HadGEM1). They have smaller numbers (6-9%) of q-points classed as medium risk compared to IPSL and MPI, but a larger number (50-65%) classed as low risk. A consistent 91-94% of q-points are within the lowest two risk categories for these three GCMs. (Table 7) demonstrate that, for some GCMs, changes at some q-points are classified as high risk, but in most cases the number of q-points is relatively small. The CSIRO model followed by IPSL shows the highest risk of alteration to low flows. These GCMs have 20% and 11%, respectively, of q-points classed as high risk. With 64% and 69%, respectively, of q-points classified as medium risk, the majority (94% and 80%) of locations are projected to experience alterations to low flows in the top two risk classes. These alterations are associated with the projected catchment-wide decreases in low flows (Table 5 ). Much smaller risks of alterations to low flows result for CCCMA and NCAR (associated with catchment-wide increases in low flows, Table 5 ) with, respectively, 81% and 70% of q-points classed as no risk of change. For NCAR, the remaining 30% are classified as low risk, so that all locations fall within the lowest two risk categories. This is almost repeated for CCCMA with the exception of seven qpoints (3%) that are classified as medium risk. The remaining three GCMs (HadCM3, HadGEM1 and MPI) display a dominant trend for relatively low risk of change. For example, 94% of q-points are classified as either no or low risk for MPI. For HadCM3, this figure is 82% (although 18% are medium risk), whilst for HadGEM1, the combined no/ low risk classes account for 66% of q-points with one-third being classified as medium risk.
Changes in ecological risk
CCCMA
Low-flow MFRIs
Assessment of the overall risk of alteration to environmental flows can be obtained by combining high-and low-flow MFRIs. CSIRO followed by IPSL projects the highest overall risk of ecological change. For CSIRO, 51.5% of the combined highand low-flow MFRIs for the q-points are in the top two risk categories (high risk: 10%, all associated with low flows; medium risk: 41.5%). For IPSL, this figure is 47% (high risk: 5.5%, again all low flows; medium risk: 41.5%). The lowest overall risk is associated with MPI, HadCM3 and CCCMA. For MPI, only 10.5% of the combined high-and lowflow MFRIs for all q-points are within the top two Table 6 Percentage of high-flow MFRIs within each sub-catchment classified according to risks of hydrological change for each GCM (sub-catchment numbers refer to the MIKE SHE linear reservoir sub-catchments identified in Fig. 1 ).
Risk (a)
Sub -catchment   1  2  3  4  5  6  7  8  9  10 11  12  13  14 15 Total-points  -14  18  15 26  11 23  7  16  10  11 17  5  14  15 15  217  CCCMA  No risk  100  83  87 35  73 Figures 5 and 6 show limited spatial consistency in the risk of ecological change. Results for NCAR, for example, demonstrate that some risk of alteration to high flows occurs throughout the catchment with the exception of the Se Kong (sub-catchment 13), for which no risk of alteration is projected for all qpoints ( Fig. 5 ). Along the main Mekong, there is a switch from low risk to medium risk at a point within the Lower Lancang above Chiang Saen (sub-catchment 3). For CCCMA, upper reaches of the Mekong show no risk; the switch to low risk occurs within sub-catchment 5 and then to medium risk below Pakse (sub-catchment 12). IPSL and MPI show no risk of alteration in high flows along most of the main Mekong (until Pakse and Stung Treng, respectively) . Low and medium risk for high flows is limited to tributaries but results are inconsistent (Fig. 5) . For example, both GCMs show medium risk throughout the Chi (sub-catchment 8) but the Mun (sub-catchment 9) shows medium risk for IPSL and low risk for MPI. Similarly, for the Sre Pok (subcatchment 14), IPSL suggests no risk of change to high flows, whilst MPI projects medium risk.
Similar inter-GCM differences are evident in the spatial distribution of low-flow MFRIs (Fig. 6 ). For example, CSIRO projects medium risk of change throughout most of the river network. There is a concentration of high risk within the tributary joining the Mekong within sub-catchment 4 (as well as in small sub-catchments upstream) and then along the Mekong to Vientiane. IPSL shows similar results, although high risk of change does not extend to the main Mekong. In contrast, CCCMA shows Table 7 Percentage of low-flow MFRIs within each sub-catchment classified according to risks of hydrological change for each GCM (sub-catchment numbers refer to the MIKE SHE linear reservoir sub-catchments identified in Fig. 1 ).
Risk (a) Sub -catchment   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15 T otal-points  -14  18  15  26  11  23  7  16  10  11  17  5  14  15  15  217  CCCMA  No risk  100  100  67 100 100  96  86 100 100 
DISCUSSION AND CONCLUSIONS
This study further substantiates the previously demonstrated (Thompson et al. 2013 ) ability of the MIKE SHE model to reproduce observed river discharge throughout the Mekong. It has highlighted major differences in projected precipitation (and to a lesser extent PET) from seven GCMs for the same climate change scenario. This uncertainty is reflected in simulated Mekong discharge. Earlier assessments of the hydrological impacts and associated uncertainty of projections from the different GCMs have been extended using the ERFA screening method. This permits the risk of alteration of the river ecosystem resulting from hydrological change to be determined and provides a means of assessing GCM-related uncertainty for projections of future environmental flows.
The results demonstrate the critical importance of GCM-related uncertainty for assessing climate change impacts on environmental flows, with direct links clearly apparent from uncertainty in GCM projections to simulated discharge and, in turn, environmental flows. Assessment of uncertainty for the Mekong under a 2°C increase in global mean temperature across seven GCMs indicates that changes in ecologically relevant flow indicators could range from negligible to disastrous. Although only representing a subset of CMIP-3 GCMs, there is some indication that there are higher risks associated with low-flow changes compared to high-flow changes. Whilst no high-flow indices are classed as high risk, low-flow indices for some locations are classified as high risk for some GCMs. High-flow indicators for at least 50% of MIKE 11 q-points are classed as either no or low risk for all GCMs. Inter-GCM uncertainties in high-flow alterations do, however, exist with NCAR and, to a lesser extent CCCMA, suggesting widespread medium risk of alterations (due to increasing high flows), that is not replicated for other GCMs. For low flows, different GCMs (CSIRO and IPSL) are associated with higher risk. In both cases, the majority of q-points are classified in the top two risk categories. Other GCMs (CCCMA and NCAR) have a majority of q-points classed as no risk, and most if not all of the others as low risk. Uncertainty of low-flow impacts is therefore greater than that of high flows. The overall risk of change (combined risks to high and low flows) shows similar inter-GCM differences with some GCMs (CSIRO) having a small majority of indicators in the top two risk categories, and others (MPI, HadCM3 and CCCMA) a large majority in the bottom two classes. Spatial patterns of risk of alteration to high and low flows vary between GCMs. Inter-GCM differences occur both along the main Mekong as well as within its major tributaries.
Many organisms and biological communities in the Mekong are dependent on river flows and may be influenced by the changes in environmental flows that have been demonstrated. Given their previously described ecological, economic and social importance, fish are a key example. Commercially valuable fish are generally divided between two types: black and white fish (Welcomme 2001) . Black fish, which in the Mekong include climbing perch (Anabas testudineus), clarias catfishes (e.g. Clarias batrachus) and snakehead (Channa striata) inhabit low oxygen, slow moving, shallow waters. They spend most of their lives in lakes and swamps on floodplains in the dry season, moving between permanent and seasonal habitats during the flood season (Poulsen et al. 2002a) . Flood flows that inundate the floodplain and connect it to the river are thus critically important for these fish species. White fish, which include Cyprinids such as Cyclcheilichthys enoplos and Cirrhinus microlepis, as well as river catfish (Pangasiidae family), inhabit well-oxygenated, fast moving habitats in the main river channel for most of the year, relying on deep pool refuges during the dry season (Poulsen et al. 2002b ). The widespread risk of alterations to low flows due to declines in discharge for the CSIRO and IPSL GCMs could be associated with a reduction in the availability of these refuge habitats during low water periods. White fish move into flooded areas during the monsoon season and subsequently return to the river as floodwaters recede. The seasonally inundated floodplains are the main fish production sites of the Mekong (Sverdrup-Jensen 2002) as they are rich in nutrients and provide refuge habitat away from floods in the main river channels. The largest risks of alteration to high flows (for NCAR and CCCMA), which are associated with increasing high flows, may increase floodplain habitat. Where high flows are projected to decline (e.g. for CSIRO, HadCM3, HadGEM1 and IPSL), the magnitude of risk is generally low, although reductions in floodplain extent or the duration of inundation could be expected. Grey fish are an intermediate group between black and white fish (Welcomme 2001) and undertake short migrations between floodplain and adjacent rivers and/or permanent and seasonal water bodies within the floodplain (Chanh et al. 2001 , Welcomme 2001 . Some species migrate upstream to spawn at the start of the flood season and then rely on the river current to bring offspring to the downstream rearing habitats at the end of the flood. Consequently the timing of floods, so that they coincide with the breeding season, is vital to these species.
Other aquatic species display similar dependencies on hydrological conditions. For example, the Mekong's Irrawaddy dolphin population, which is currently less than 100 individuals, requires deep pool habitats, especially during the low-flow season, which, as previously noted, CSIRO and IPSL suggest may decline. Furthermore, the Siamese crocodile (Crocodylus siamensis) is thought to be sensitive to hydrological changes and its decline has been partially attributed to flow alterations caused by dams (Simpson and Bezuijen 2010) . People living within the Mekong River system generate many other sources of food and income from other aquatic organisms, such as freshwater crabs, shrimp, snakes, turtles and frogs, that have requirements for certain hydrological conditions.
Thus it can be seen that magnitude and timing of floods is important for maintaining pools, fish migration and habitat connectivity, whilst sufficiently large low flows are required to maintain the more sensitive white fish species. Consequently, disruption of the hydrological regime by climate change, indexed by alterations in MFRIs, is likely to have significant implications for the river ecosystem and the services it provides to local people. However, because different parts of the river ecosystem have different flow requirements, and at present these are not known in sufficient detail, the broad-scale ERFA approach adopted in this paper is considered appropriate as it examines all aspects of the flow regime, each of which will be exploited by some organism or community.
The focus of the current study is inter-GCM uncertainty and its impacts on projected Mekong River discharge and, in turn, the risk of alteration to environmental flow conditions. As noted above, extension of the impacts of GCM-related uncertainty to environmental flows is relatively rare. To our knowledge, this is the first basin-wide assessment of the uncertainty in changing environmental flow conditions, as indicated by IHAs, associated with projections from different GCMs for a major river system in Southeast Asia. Other factors, most notably dam construction, but also widespread deforestation (e.g. Lacombe et al. 2010) , will further modify river flow. For example, Lauri et al. (2012) investigated the impact of existing, under construction and planned hydropower reservoirs on Mekong River discharge. Their results suggested that dams might have a larger impact than climate change, with reductions in flood peaks at Kratie of 5-24% being projected. Conversely, high-flow flows increased by between 25% and 160%. Clearly the operation of these reservoirs will act to modify the risks of alterations to environmental flows demonstrated in the current study.
The combination of potentially catastrophic impacts on fish production and biodiversity (e.g. Ziv et al. 2012 ) of dams and climate change related alterations to the flow regime suggest major changes for the Mekong River ecosystem in the future. Investigation of the cumulative impacts, and their uncertainty, of climate change, dams and land-cover modifications upon environmental flows would be an invaluable extension of research on the Mekong River system. This could include further assessments of the uncertainty associated with the application of existing alternative hydrological models of the Mekong (e.g. Johnston and Kummu 2012) to the same scenarios. Thompson et al. (2013) have demonstrated that this is an additional source of uncertainty. Determining the precise nature of ecological impacts projected by such hydrological modelling studies would require detailed assessment of flow requirements of different species and their interactions in the food web.
